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ABSTRACT shown that performance can be further improved by combining the

) ) ] individual classifier probabilities with the probabilities estimated from
We describe recent extensions to our previous work, where we eXjidden event language model (HELM).
plored the use of individual classifiers, namely_, boosting and max- While our previous work focused on individual classifiers and
imum entropy models for sentence segmentation. In this paper Wi compination with HELM, this paper focuses on combining the
extend the set of classification methods with support vector maching, i iqya| classifier outputs to improve the performance of sentence
(S\(M). We propose a new dynamic entr_c_)py-based classme_r cc_meEegmentation. More specifically, we study the use of the entropy-
nation approach_ to combme these clasglflers, and compare it W'th "ased classifier combination approach, which has been successfully
tradltlor!al cIassnfle.r c.omblnatlo.n techniques, namely, votlng, Im_earused for ASR [8]. The entropy-based approatymamicallyesti-
regression and logistic regression. Furthermore, we also investigag,es the weight for each classifier based on its instantaneous out-
the combination of hlq_den event Ia_nguage models with t_he_o_utp ut probabilities for each example and combines the output proba-
of the proposed classifier combination, and the output of individualjjisies of the different classifiers before making the final decision.

Elassgfiers. Expedrimebntal stﬁdies Eondhucted onlthe _lf\(landarin _T(?_T_ ‘e compare this approach to a standard classifier decision combina-
roadcast news database shows that the SVM classifier as an indivigs, 5nnroach, voting, and other static-weight-based classifier com-

ual classifier improves over our previous best system. However, thgr1

d based classif binati h sh ination techniques such as linear regression and logistic regression.
proposed entropy-based classifier combination approach shows e yredicted advantage of the entropy-based approach over linear

best improvement in F-Measure of 1% absolute, and the voting aRpqression and logistic regression is that it can generalize well to dif-
proach shows the best reduction in NIST error rate of 2.7% absolut@ ent qata sets. Our results on the Mandarin TDT4 broadcast news
when compared to the previous best system. database validate this prediction. The classifiers used in our stud-

Index Terms— sentence segmentation, classifier combinationjes are boosting, maximum entropy models, and SVM. Finally, we

entropy, lexical and prosodic features, hidden event language modalso study the combination of individual classifier output probabili-
ties as well as the combined probabilities resulting from the entropy-

1. INTRODUCTION based approach with HELM probabilities. The newly propoded
namicclassifier combination method for sentence segmentation fur-
Sentence segmentation aims to enrich the unstructured word sequelfiés improves performance. When we combine the outcome of clas-
output of automatic speech recognition (ASR) systems with sentendgfier combination with HELMs, we obtain the best performance of
boundaries, to ease the further processing by both humans and nfé-2% NIST error rate, &.7% absolute reduction from the NIST
chines. For instance, the enriched output of ASR (i.e., with sentencfror rate of57.9% obtained with the previous approach. With this
boundaries marked) can be used for later processing such as machii&v method, the F-measure also improves fing% to 71.6%.
translation, question answering, or story/topic segmentation. The rest of the paper is organized as follows. Section 2 for-
In the literature, the task of detecting sentence boundaries is se@ulates the sentence segmentation problem as a classification task,
as a two-class classification problem, and different classifiers havand then describes the different classifiers and classifier combination
been investigated. [1] and [2] use a method that combines hiddeiechniques that have been investigated. Sections 3 describes our ex-
Markov models (HMM) with N-gram language models containing perimental setup and the results are presented in Section 4. Finally,
words and sentence boundary tags associated with them [3]. Thig Section 5 we conclude.
method was later extended with confusion networks in [4]. [5] pro-
vides an overview of different classification algorithms (boosting, 2. SENTENCE SEGMENTATION
hidden-event language models, maximum entropy models and de-
cision trees) applied to this task for multilingual broadcast newsSentence segmentation can be considered as a binary boundary clas-
Besides the type of classifier, the use of different features has besification problem with “sentence-boundary) é&nd “non-sentence-
widely studied. [2, 6] showed how prosodic features can benefit thboundary” ¢) as classes [5]. For a given word sequefwee, ..., wn },
sentence segmentation task. Investigations on prosodic and lexhe goal is to estimate the classes for bounddrigs..., s }, where
cal features in the context of telephone conversations and broadcast ¢ = 1, ..., N is the boundary between; andw;1. Usually, this
news speech are also presented in [6, 5]. More recently, the use isf done by training a classifier to estimate the posterior probability
syntactic features has been studied in [7]. P(s; = k|o;), wherek € {s,n} ando; are the feature observations
In this paper, we extend our previous work on sentence segmefier the word boundary;.
tation for broadcast news in the framework of the DARPA GALE Ideally, the decision of the classifier is the class with maximum
program [5], where different classifiers, namely, decision trees, boogirobability P(s; = k|o;). However, in a sentence segmentation task
ing, and maximum entropy models, were investigated. It was founthe probability for sentence boundaf(s; = s|o;) is compared
that boosting was the best individual classifier. Furthermore, it waagainst a threshold. If above the threshold, a decision of sentence



Form Approved

Report Documentation Page OMB No. 0704-0188

Public reporting burden for the collection of information is estimated to average 1 hour per response, including the time for reviewing instructions, searching existing data sources, gathering and
maintaining the data needed, and completing and reviewing the collection of information. Send comments regarding this burden estimate or any other aspect of this collection of information,
including suggestions for reducing this burden, to Washington Headquarters Services, Directorate for Information Operations and Reports, 1215 Jefferson Davis Highway, Suite 1204, Arlington
VA 22202-4302. Respondents should be aware that notwithstanding any other provision of law, no person shall be subject to a penalty for failing to comply with a collection of information if it
does not display a currently valid OMB control number.

1. REPORT DATE 3. DATES COVERED
2007 2. REPORT TYPE 00-00-2007 to 00-00-2007
4. TITLE AND SUBTITLE 5a. CONTRACT NUMBER

Entropy Based Classifier Combination for Sentence Segmentation £b. GRANT NUMBER

5c. PROGRAM ELEMENT NUMBER

6. AUTHOR(S) 5d. PROJECT NUMBER

5e. TASK NUMBER

5f. WORK UNIT NUMBER

7. PERFORMING ORGANIZATION NAME(S) AND ADDRESS(ES) 8. PERFORMING ORGANIZATION
International Computer Science Institute, 1947 Center Street Suite REPORT NUMBER
600,Berkeley,CA,94704

9. SPONSORING/MONITORING AGENCY NAME(S) AND ADDRESS(ES) 10. SPONSOR/MONITOR’'S ACRONYM(S)
11. SPONSOR/MONITOR'’ S REPORT
NUMBER(S)

12. DISTRIBUTION/AVAILABILITY STATEMENT

Approved for public release; distribution unlimited

13. SUPPLEMENTARY NOTES

14. ABSTRACT

15. SUBJECT TERMS

16. SECURITY CLASSIFICATION OF: 17. LIMITATION OF 18. NUMBER 19a. NAME OF

ABSTRACT OF PAGES RESPONSIBLE PERSON
a REPORT b. ABSTRACT c. THISPAGE 4
unclassified unclassified unclassified

Standard Form 298 (Rev. 8-98)
Prescribed by ANSI Std Z39-18



boundary is made, else the boundary is marked as a non-sentencembination. In this paper, we have investigated both.
boundary. As it will be seen later, for different classifiers and differ-  Letc € {1, ...,C} andP.(s; = k|o;) denote the different clas-

ent evaluation metrics the optimal threshold is different. sifiers (in our cas€' = 3) and their output probabilities at instant
- 1. Given these, we investigate the following classifier combination

2.1. Classifiers techniques:

In this work, we have used boosting, maximum entropy and SVM e Inverse entropy

classifiers to estimat®(s;|o;). e \loting

Boosting is an iterative learning algorithm that aims to combine
“weak” base classifiers to come up with a “strong” classifier. At each e _
iteration, a weak classifier is learned so as to minimize the training @ Logistic regression
error, and a different distribution or weighting over the training eX-5 51
amples is used to give more emphasis to examples that are often i B . ]
misclassified by the preceding weak classifiers. For this approaciiven the instantaneous classifier output probabilities, the idea of
we use théoosTextetool described in [9], which has the advantage IN"Verse entropy Comblna}tlon is to assign large weights to classifiers
of discriminative training. Moreover, it can deal with a large set ofthat are more confident in their decisions and small weights to clas-

features both discrete and continuous valued, and has the capabilitifiers that are less confident in their decisions [8]. The confidence is

e Linear regression

Inverse Entropy

to handle missing feature values. measured in terms of entropy.t.. of classifier output probabilities,
Maximum entropy (MaxEnt) models are prominently used forthatis,

natural language processing [10]. The main advantages of MaxEnt K

models are discriminative training, capability to handle a large set ent, = Z —P.(s; = k|oi) - logy(Pe(si = kloi)), Ve (1)

of features, flexibility in handling missing feature values, and con- k=1

vergence to a unique defined global optimum. In standard MaxEnt
models, the features are discrete valued. However, the feature X
used in our studies contains continuous valued features in addition

pereK is the number of output classes, which in our case is 2.
The weightw, for each classifier is then estimated as

to discrete valued features. The process of discretizing the continu- %
ous valued features for MaxEnt models is subject to research. In this We= =g 5, Ve (2
work, we discretize the continuous valued feature by binning them D ente

to 10 classes similar to [5]. We use the open NLP toolkit to train the Having estimated the weight for each classifier, the output prob-

MaxEnt models [11]. . _ abilities of the classifiers can be combined in two different ways:
SVMs are used in wide range of pattern recognition applica-

tions [12]. SVMs provide advantages similar to MaxEnt models in 1. Sum rule

terms of discriminative training and capability to handle a large set <

of features. In addition to it, SVMs can handle both discrete val- P(si = kloi) =Y we - Pe(si = kloi), Yk  (3)
ued and continuous valued features. In our studies, we normalize e=1

the continuous valued features in the training data so as to have a
. . ) 2. Product rule
zero mean and unit variance. In our data, there are instants where

a feature value may be missing (for the words that ASR outputs as 1 &

reject labels). In such a case, we introduce a new token for unknown P(si = kloi) = - - I P-(si = kloi)*=, VE (&)
discrete valued features. For continuous valued features, we use the e=1

mean value, that is 0.0. When training SVM classifier we found that whereZ is a normalization factor.

the choice of the kernel type is not obvious. When using mainly lexi- The decision about output class is then made based Bpon—
cal features (discrete valued) the best performance is achieved Withs?o-)

linear kernel, whereas while using both lexical and prosodic features
(both discrete and continuous valued) the use of a polynomial kern@.2.2. Voting

of degree 2 yields the best performance. For our studies, we use th§e yoting technique looks for agreement between classifiers output

SVMIlight toolkit [13]. decisions. Typically, each classifier votes for each output class based

2.2. Classifier Combination on its decision. The final decision or the output class is the class
o o o ) _ getting the maximum number of votes.

Combining classifiers is a well researched topic in machine learning  |n our case, all classifiers have one vote and each classifier

and spoken language processing [14, 15, among others]. Some @fcides its vote by comparing.(s; = s|o:) to the threshold.
the most common classifier combination methods used in the litera-

ture include voting, and linear and logistic regression. The generad-2-3- Linear Regression

objective of classifier combination is to exploit the complementaryin a linear regression classifier combination, the combined probabil-
information between the classifiers. In a sense, the different classity for the class sentence boundaf(s; = s|o;)) is estimated as the
fiers in a classifier combination can be seen as a collection of wedinearly weighted sum of classifier output probabilities for sentence
classifiers, where each classifier can solve some different difficuboundary clas®.(s; = s|o;):

problems. Then, the process of combination involves combining the c

decisions of classifiers or assigning a weight to each classifier’s out- P(s; = s|o)) = a+ Z we - Po(si = s|oi) (5)

put evidence (in our casB(s;|o;)) and combining the evidence so vt

as to reduce the objective error. The weights can be estimated stalijare, is a bias term. The biasand the weightss. are optimized

cally, that is,a priori, on held-out data or development data, for €x- 5, qevelopment data, and are frozen for the test data. In our studies,
ample linear regression or dynamically, for example inverse entropy,« ,se the MATLAB functiorregressto estimate the weights and

constant.



2.2.4. Logistic Regression M - 2.precision.recall %)

(precision + recall)

The classifier output probabilities can be combined using logistic re-
gression by treating them as predictor variables of the logistic func- NIST = (I+D) 8)

tion, and estimating the combined probability for the sentence bound- (C+ D)

ary class L(si = s|oi)) as Here note that unliké" M, N1ST does not have an upper bound.

! ®)
o~ (a2, wo-Pe(s;=3]07)) 4. RESULTS

P(s; = s|oi) =

where the bias and weightsw. for each classifier are estimated Tables 2 and 3 show sentence segmentation performance with indi-
on a development data similar to linear regression. In our work, weidual classifiers and combination classifiers with various methods
estimate the optimal andw. on the development data using the for the development and test sets, respectively, using botkViRe

Newton-Raphson method [16]. andALL feature sets. In all the tests, we use the optimum thresholds
on the development set for computing the NIST error and F-measure
3. EXPERIMENTAL SETUP on the test set. With thaLL features, out of the three classifiers,
3.1. Data SVM performs the best with7.6% NIST error rate and9.8% F-

measure. The inverse entropy (IE) classifier combination method
To evaluate our approach, we have used a subset of the TDT4 Maresults in the best F-measure@f.9% on the test set, and the vot-
darin Broadcast News corpus. Table 1 lists the properties of the traifing method results in the lowest NIST error rate56£6%. The
ing, development and test sets, which are picked out in a time ordeferformance difference between the voting and IE methods and the
(that is, all shows in the training set precede the development anghear and logistic regression methods on the test set is statistically
test set shows). The sentence segmentation experiments have begjnificant? the first two performing better. The MaxEnt classifier
performed on the ASR output that was used in our earlier work [5]. performs the best on thH& P feature set, but performs poorer com-

pared to boosting and SVM on feature gt L. This may be pri-

Training Dev Test marily due to the way the discretization of the continuous valued
No. of shows 131 17 17 feature is performed.
No. of sentence units 19,643 2,903 | 2,991 WP ALL
No. of examples 481,419 | 72,152 | 77,915 Yy [ NIST | F3T [ NTST
Table 1. Training, Development (Dev) and Test data sets. Boosting | 68.0 | 649 | 726 | 54.3
MaxEnt | 68.5 64.5 69.1 60.3
3.2. Feature sets SVM 679 649 | 727] 522
To study the use of prosodic features, we use two feature sets, namely, IE(sum) | 69.4| 618 | 73.6| 51.8
WPandALL: IE (prod) | 69.2 61.7 73.5 51.8
_ Voting | 69.0 | 62.4 | 73.4| 51.6
° WR includes qnly the words around the boundary, pause du- Linear 69.1 61.9 73.6 552
ration, and their N-grams Logistic | 69.6 | 614 | 73.9| 519

e ALL: includeswP, prosodic features, speaker tum, and part-rope 2 sentence segmentation performance on the development
of-speech (POS) tag N-grams set for feature sets WP and ALL. TR&/ and NI ST are expressed
In addition to the word-based prosodic features related to pitch %. |E denotes inverse entropy, and sum and prod refer to the
pitch slope, energy and pause duration between words thaum and product combination rules () and (4), respectively. Lin-
were used in our earlier work [5], we also use speaker normalear denotes the linear regression technique, and Logistic denotes
ized versions of pitch and energy features. We used the ICSkhe logistic regression technique. Note that the linear regression and
SRI speaker diarization system to divide the audio data intqogistic regression weights were estimated on the development set.
hypothetical speakers [17]. The baseline and ranges for pitcirhe best performance for individual classifiers and classifier combi-
and energy features were estimated on each speaker, whigfation is in boldface.

were then used as parameters in the normalization. Further, Table 4 sh th f h t th teri
the prosodic feature also includes turn-based features which ap'e 2 Snows the performance when we convert the posterior
describe the position of a word in relation to diarization Seg_probabllltles from each classifier and combination classifier and use

mentation. The speaker turn features were extracted from tht‘!‘pem as state observation likelihoods in the hidden event language

diarization segmentation. We use the POS tag features thért]odel (HEI.‘M)' _The HE.LM used for th's experiment Islagram
were used in [5]. model and is trained using all the text in the training set, as well as

other data. We achieve the best NIST erro82% on the test set
when the combined probabilities are estimated as class probabilities

3.3. Evaluation Metrics averaged across classifiers supporting the decision of voting method.

We evaluate our systems in terms of F-measuré/() and NIST

error rate (VIST) [18]. If I is the number of insertions (i.e., false 5. CONCLUSIONS

positives),D is the number of deletions (i.e., false negative) ahd

is the number of sentence boundaries correctly recognized, then: We have described the recent extensions to our previous work on

o sentence segmentation, where we extend the set of classification
precision = [GCEN) recall = C+D) Taccording to the Z-test with 95% confidence interval




WP ALL
FM | NIST | FM | NIST

Boosting | 64.4 | 715 | 68.9| 613
MaxEnt | 65.7 | 70.8 | 67.3| 635
SVM | 64.7| 719 | 69.8| 576

IE(sum) | 665 682 | 70.7]| 57.6
IE (prod) | 66.1| 68.6 | 70.9 | 57.3
Voting | 66.4 | 68.7 | 70.6 | 56.6
Linear | 64.1 | 70.2 | 67.4| 60.0

Logistic | 64.1 | 69.7 | 68.6 | 59.6

(3]
[4]

(5]

(6]

Table 3. Sentence segmentation performance on the test set for fea-

ture sets WP and ALL. ThHEM and NIST are expressed in %. |IE

denotes inverse entropy, and sum and prod refer to the sum and prod-

uct combination rules i(3) and(4), respectively. Linear denotes the

[7

linear regression technique, and Logistic denotes the logistic regres-
sion technique. The linear regression and logistic regression weights
are estimated on the development set. The best performance for in-

dividual classifiers and classifier combination is in boldface.

Dev Test

FM [ NIST | FM [ NIST

Boosting+HELM | 74.1 50.9 70.6 57.9
MaxEnt+HELM 715 55.0 69.2 61.1
SVM+HELM 75.5 48.9 71.9 56.7
IE (sum)+HELM | 74.3 49,5 71.3 56.3
IE (prod)+HELM | 74.5 49,5 71.6 56.1
Avg. Prob+HELM | 74.2 49,5 70.8 55.2

(8]

9]

(10]

Table 4. Results of sentence segmentation studies with HELM fotL1]

feature setd L L on the development (Dev) and test set. Ftid and

NIST are expressed in %. IE(sum): the combined classifier output

probabilities are estimated usin@), |IE(prod): the combined clas-

sifier output probabilities are estimated usit), Avg. Prob: Class

probabilities averaged across the classifiers supporting the decisio
of voting method. The best performance for individual classifier

and classifier combination is in boldface.

(12]

3]

methods with SVMs and combine classification methods with a new/14]
dynamic, entropy-based classifier combination method, which was
already shown to be useful for ASR. We show improvements when
we use an extended set of prosodic features in addition to pause dys]
ration with all classifiers. Furthermore, to model the sequence infor-
mation, we incorporate the combined classifier output with hidden

event language models. We show statistically significant improve

ments for both NIST error rate and F-measure.
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